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Introduction
Governments in developing countries spend substantially in work-force skills development programs.
1 Despite considerable evidence on the results of these programs it is difficult to form definite conclusions on their effectiveness, given the ample heterogeneity in results. This is particularly true of programs oriented to develop the skills of the unemployed or vulnerable workers. The evidence from the literature points towards training programs for those groups as being more effective for adults and women, than for young people, with heterogeneity between regions. Training programs to improve the skills of unemployed or vulnerable groups tend to give better results in terms of employment and income for the adult population than for youth, and within adults for women than for men (Dar and Tzannatos, 1999; Betcherman, Olivas and Dar, 2004; Kluve, 2010; Card, Kluve and Weber, 2010) . These programs have small impacts (and in some cases even negative) in the short term but increase (become positive) over time (Card, Kluve and Weber, 2015) . Regarding youth programs, most of the international literature shows little or no significant impacts of training programs for out-of-school youth.
In Latin America and the Caribbean (LAC), the results from impact evaluations tend to be more encouraging regarding impact of training programs on the quality of employment of young people, although there is significant heterogeneity across countries, and by gender of the beneficiaries. Positive impacts are observed regarding the access to formal employment (i.e. employment that gives access to social security and/or health insurance benefits), both in the short term (Gonzalez-Velosa, Ripani and Rosas-Shady, 2012 ) and the long term (Ibarraran, Kluve, Ripani and Rosas-Shady, 2015; Attanasio, Guarin, Medina and Meghir, 2015; Kugler, Kugler, Herrera and Saavedra, 2015; Diaz and Rosas-Shady, 2016) . These results may be explained by the fact that the programs that have been 1 For example, in the case of Latin America and the Caribbean, the average expenditures in active labor market policies in 2010 was between 0.2% and 0.3% of GDP, but as high as 0.5% of GDP in countries like Argentina, Brazil and Chile, which compares to 0.5% to 0.7% of GDP on average for OECD countries between (OECD, 2013 . Between 2002 and 2012 the World Bank supported skills-development projects in 93 countries at a cost of almost $9 billion (Twose, 2015) . In Latin America and the Caribbean, the portfolio associated to labor market programs (which is broader than skills programs) for the World Bank was around US $550 million between 2009 and 2013, while for the Inter-American Development Bank was close US $900 million for the same period. evaluated in LAC try to be demand-driven and offer financial incentives to employers and beneficiaries (González-Velosa, Ripani and Rosas-Shady, 2012; ILO, 2016; Berniell and Mata, 2016) .
A recent meta-analysis study by Kluve (2016) of training programs in LAC finds high heterogeneity in the results of the training programs, similar to the results in Card et al (2010 Card et al ( , 2015 worldwide. Additionally, a recent meta-analysis (Escudero, Kluve, López Mourelo and Pignatti, 2016 ) that includes a wider set of outcomes for LAC programs finds that training programs in LAC have positive impacts on formality (almost 70 percent of impact estimates reported for formality are statistically significant and positive). As in the global meta-analyses of Card et al. (2010 Card et al. ( , 2015 , estimates for female program participants are significantly more likely to be positive than for men. In comparison with older workers, estimates for youth participants are significantly more likely to be positive, which highlights the importance of youth training programs. Furthermore, there are questions on how much can be generalized about the effectiveness of interventions in general through meta-analysis (Vivalt, 2016) . Both meta-analysis studies and systematic reviews need to mostly ignore by design the heterogeneity in beneficiaries, program characteristics and context. 2 In this paper we contribute to the literature that relies on meta-analysis to obtain average effects across programs by addressing explicitly the underlying heterogeneity in the characteristics of the beneficiaries of youth training programs in LAC. For this we rely on the individual-level data used in the available experimental impact evaluations of these programs. Thus, our approach is similar in spirit to that of the study by Hotz, Imbens and Mortimer (2005) and, in particular, by Flores and Mitnik (2013) , who use individual-level data and rely on a selection on observables or unconfoundedness assumption to eliminate the differences in observed characteristics of individuals in different locations. Our paper contributes to the growing literature interested in understanding the external validity of experiments (see Dehejia, Pop-Eleches and Samii, 2015 , for a different methodological approach to a similar question), the role of contextual effects (see Allcott, 2012 ) and the information they provide for policy decision-making (see Pritchett and Sandefur, 2013; Banerjee, Chassang and Snowberg, 2016) .
We use the data from three randomized controlled trials (RCTs) conducted in Colombia, the Dominican Republic and Peru, which had somewhat different findings. We show the degree to which the beneficiaries of these programs are comparable, and show how the treatment effects change when only the comparable individuals are used in estimation. Our analysis is based on adjusting for differences in individual-level characteristics of the participants in the programs. We rely on the empirical strategy followed by Flores and Mitnik (2013) who show that it is possible to eliminate the differences in individual characteristics for the control individuals in several labor market RCTs in the U.S. using methods from the multiple-treatment literature. We follow the same strategy for three programs simultaneously, and show that we can identify a subset of individuals that are comparable in their characteristics and labor market histories, in particular for men.
We extend the work of Flores and Mitnik (2013) by applying the same strategy to the treated individuals in each program, as well as to the controls, and interpret any difference in treatment effects between programs as those not explained by differences in the characteristics of the program beneficiaries. This interpretation is made possible by imposing an overlap or common support condition that guarantees the simultaneous comparability of the individuals across programs. However, the imposition of this condition comes at a cost. Depending on the analysis, we lose up to thirty and forty percent of the men and women, respectively, in some programs when imposing overlap. For men satisfying common support (i.e. comparable), who have worse initial conditions in terms of education and labor history than non-comparable individuals, the positive effects on formality disappear for some programs, once we estimate treatment effects. For women, as the methods do not work well in equalizing outcomes across programs for controls, we do not deem treatment effects comparisons as credible. Our results highlight the importance of treatment effect heterogeneity, which may have implications for targeting and program design. They also make explicit the limits to the external validity of each of the experiments, and how difficult is the interpretation of the results from meta-analysis studies. By stressing for which types of individuals it is possible to make comparisons across programs, our study points towards a more nuanced comparison of impact evaluation studies of youth training programs. This paper is organized as follows. Section 2 describes the programs compared and summarizes the results from their evaluations. Section 3 describes the methods used, while Section 4 presents the results. Section 5 concludes. This program was developed in 1991 and its objective was to improve the labor market insertion of vulnerable youth through the provision of shortterm semi-qualified training in specific occupations demanded by the productive sector. Its three main features were: (i) the separation of the financing from the provision of training, i.e. the government selected training courses competitively, through a process where private or public training institutions could participate; (ii) the nature of the training was demand driven, i.e. responded to the specific needs of the productive sector The model introduced by the Chile Joven program was replicated, with the support of the Inter-American Development Bank (IDB) and the International Labour Organization (ILO), in many LAC countries: in Venezuela (1993) , Argentina (1994) , Paraguay (1994) , Peru (1996) , the Dominican Republic (1999), Colombia (2000) , Panama (2002) and Haiti (2005). 6 In this paper, we use the information from the experimental (RCT) impact evaluations of three of these training programs: those implemented in Dominican Republic (Youth and Employment, or Juventud y Empleo in Spanish), Colombia (Youth in Action, or Jóvenes en Acción in Spanish), and Peru (Projoven). Even though all three programs were based on the Chile Joven model and were oriented towards vulnerable, young beneficiaries, they have important differences, explained in detail in the next subsections. A summary of these differences is presented in Table 1 .
Programs compared
The three programs have differences regarding the specific groups targeted, the rules associated to participation, in particular regarding education requirements, and the length and types of services provided. Also they were implemented at a different period of time. The results of the impact evaluations of each program were also different, and are summarized in Table 2 . (Ibarraran et al, 2015) and for Colombia (Attanasio et al, 2015; Kugler et al, 2015) . The reason for not including the long-term impacts in this summary table is that this paper is analyzing shortterm data for these two countries. From these two countries, long-term data from household surveys is only available for the Dominican Republic, since Colombia's long-term studies are based on administrative data that only includes people that contributes to social security (formal workers).
The Juventud y Empleo program in the Dominican

Republic
The The data used in this paper is from the short-term 8 follow-up of a cohort (control and treatment groups) interviewed in 2008 (baseline) and at the end of 2010 (18 to 24 months after graduation of the treatment group). This data was analyzed by Ibarraran, Ripani, Taboada, Villa and Garcia (2014) and the evaluation shows that the program has a positive impact on job formality for men of about 17 percent, and causes a seven percent increase in monthly earnings among those employed. The evaluation did not find impacts on employment rates. 
The Projoven program in Peru
Projoven was created by the Ministry of Labor in 1996, and operated until 2010.
10 Its main objective was to facilitate access into the formal labor 8 The results of a long-term follow of the Youth and Employment program is presented in Ibarraran et al (2015) . The cohort with baseline data in 2008 was followed up to 2014, six years after the treatment. 9 Ibarraran et al. (2014) also analyze the impact of the program on teenage pregnancy, socioemotional skills and expectations. These non-labor outcomes are not analyzed in this paper. 10 During the period 1996-2004, the program was financed with resources from the Public Treasury. During the 2005-2010 period its implementation was financed with resources received through a loan from the Inter-American Development Bank market for urban young people with limited resources. It operated in the most important cities of Peru, offering in-classroom training for three months, later to be complemented with an internship for three additional months. The program did not include a module of socioemotional skills. Projoven hired private or public training institutions that were responsible for the design and the provision of training for the program's beneficiaries. Training courses were supposed to be designed in coordination with firms in which beneficiaries would later do their internships. Contrary to the programs in the Dominican Republic and Colombia, eligible youths were selected by the program (not by the training institutions). After they chose their preferred course (from a list of all the courses offered) the program sent the potential trainees to the corresponding training institutions to undergo a selection process. This selection was usually based on vocational and basic skills tests as well as on interviews (training institutions used their own evaluation criteria), and it determined which eligible candidates would become Projoven's beneficiaries. This process took place until enough young people were assessed and declared suitable to cover the number of available openings for each course. Another difference of Projoven is that during the three-month internship stage, beneficiaries received a stipend lower than the minimum wage as well as health insurance coverage. Both the stipend and the health insurance were paid by the firms, since employment of interns had to be made through the Peruvian legal framework of vocational training agreements (a special type of contract between employers and interns). This requirement was supposed to reinforce the demand driven mechanism. Finally, the cost of the program per beneficiary was lower: US$ 420 (including operating costs and the stipend for the beneficiaries). The data used in this paper correspond to the follow-up household survey implemented three years after beneficiaries completed the training, analyzed by Diaz and Rosas-Shady (2016) .
11 The evaluation found a positive impact of Projoven only on formal employment. The probability of (IDB) . In total, during almost 15 years of service, the program trained approximately 73,000 youths. In 2010, after a change of government and the end of financing from the IDB, the Ministry of Labor modified the program's design and name, becoming the program Jóvenes a la Obra. 11 The evaluation evaluated impacts using a household survey, and complemented the estimations using administrative data (data from social security records for formal workers).
having a job with health insurance and the probability of having a pension increased in 3.8 and 3.3 percentage points, respectively, for the treatment group when compared to the control group. These effects are of considerable magnitude, since they represent an increase greater than 20% in the probability of having health insurance or a pension for the treatment group. Also, their magnitude is almost twice for male youths and those between 14 and 18 years of age.
The Jóvenes en Acción program in Colombia
Jóvenes en Acción (JA) was a labor training program for urban young people between the ages of 18 and 25 in the two lowest socioeconomic strata of the population. Attanasio, Kugler, and Meghir (2011) , the program raised earnings and employment for women. Women offered training earned 19.6 percent more and had a 0.068 higher probability of paid employment than those not offered training, mainly in formal-sector jobs.
12 Barranquilla, Bogotá, Bucaramanga, Cali, Cartagena, Manizales, and Medellin. 13 The results of a long-term follow of the Jóvenes en Acción program is presented in Attanasio et al. (2015) . The cohort with baseline data in 2005 was followed using social and labor market administrative records collected between July 2008 and June 2014, three to six years after the treatment. Kugler et al (2015) analyze longterm impacts of the same program on both educational and labor market outcomes. For the latter, the authors use social security records collected between 2008 and 2013.
Methodology
We follow the methodology proposed by Flores and Mitnik (2013) , FM hereafter, who rely on a selection on observables or unconfoundedness assumption, and use multiple-treatment non-experimental estimators to eliminate the differences in observable characteristics between individuals in different locations. The methodology proposed by FM essentially implies three steps. First, we estimate the generalized propensity score (GPS) (see Imbens, 2000; Hirano and Imbens, 2004) . This GPS provides the probability of an individual i to be in location L=k, and we estimate it with a multinomial logit model (which FM show works well in this type of setting). This can be done for two (in which case the GPS becomes a standard propensity score) or more locations. In the latter case it is necessary to keep in mind that while the GPS is the probability for individual i who belongs to location L to be in location k, Pr( = | = ), we also obtain the probability of any individual not in location L to be in location k, Pr ( = | ≠ ). This latter probability is relevant for the second step, while the first probability is used in the third step.
Second, in several instances we impose that the individuals in each location are simultaneously comparable across all locations. For this we impose a common support condition, or which is the same, we find the individuals for which there is overlap in observed characteristics. We impose this condition with the procedure suggested by FM. For each individual we take his or her probability of being in each location k (both for those in location k and for those not in location k) and mark the individuals with a probability of being in the location higher or equal to = max {q(Pr( = | = )), (Pr ( = | ≠ )}, where (•) denotes the q th quantile over the distribution of the GPS for the particular group indicated in parenthesis. Those individuals satisfy the overlap condition in location k. Then we mark as satisfying the overlap condition overall those individuals that satisfy the overlap condition in every location k. This guarantees that the individuals satisfying the overlap condition are comparable in all locations simultaneously.
Third, we estimate alternative estimators of the mean outcome associated to each program (location) for control and treated individuals. We call raw the estimator that just computes the outcome means with no adjustments of any type (we estimate them both for the full sample, and for the sample of individuals that satisfy the overlap condition). The other estimators, following FM, all use the fact that in this setting the mean outcomes associated to each location can be obtained through a partial mean, which is an average of a regression function over some of its regressors while holding others fixed (see FM for details). We denote as linear regression the estimator where we first estimate with a standard linear regression the expectation of the outcome conditional on the treatment group, location and covariates. Second, this regression function is averaged over the covariates, keeping fixed the treatment group and location, for all the individuals, not only those in the group and location. This estimator does not impose the overlap condition. We denote as inverse probability weighting (IPW) the estimator where a similar procedure is followed, but imposing the overlap condition and weighting each individual by the inverse of its own GPS, Pr( = | = ). The regressions estimated have the following form: and control means in a location, represents the average treatment effect of the program in that location. And, if we are successful in controlling for the differences in observed characteristics among control individuals in different programs, then we expect that for the control groups these adjusted means should be equal, after weighting by the GPS (and imposing the overlap condition). We test this latter hypothesis by estimating a version of (1) only for control individuals.
An issue that arises in trying to estimate (1) is that the fixed effects are perfectly collinear with the coefficients, because the course fixed effects are country-specific. Thus, we actually estimate (1) in two parts. First, for each country, we run a regression of the outcome variables against only the course fixed effects, pooling in these regressions control and treated individuals. We take the residuals from those regressions and create a new outcome variable � that is equal to the residuals from each of these regressions plus the mean of the outcome variable for the individuals in each country. This new variable � has the same grand mean, and country-specific mean, of the original variable, but with the course fixedeffects subtracted. We then estimate a regression similar to (1):
where, as before, the results are used to obtain the adjusted mean outcomes for individuals in a treatment group and location (country). We follow FM in calculating two other partial mean estimators of the mean outcomes in a location for treated and control individuals. In the parametric partial mean estimator, after imposing the overlap condition, the conditional means of the outcome are obtained from a regression on a quadratic function of the GPS, not controlling for covariates:
where denotes the GPS for individual i that belongs to group t in location k. It is important to note that when calculating the mean outcomes of interest, after the regression has been estimated, the means are calculated over all the individuals, using the estimated probability that they belong to the particular location and group being calculated, even if they do not belong to that location and group. The final estimator is a nonparametric version of (3) that employs a local linear regression of the outcome on the GPS to estimate the regression function for each location and group. We denote this estimator as nonparametric partial mean. For all the estimators, to take into account the statistical uncertainty associated to the multi-step procedures, we obtain confidence intervals by bootstrapping all the steps involved in estimation, including the course fixed effects and GPS estimation, when appropriate.
As mentioned above, at first we run all the estimators described only using the control individuals, to test the hypothesis that the estimated mean outcomes in each location are jointly equal. Once we obtain with a particular estimator the mean outcome in each location, we simply calculate a Wald test that the means are jointly equal. As these tests of equality of means can be affected by the size of the standard errors, we follow FM and calculate the root mean squared distance ( . As discussed in FM, the lower the value of the rmsd, the closer are the control individuals in each location to each other in terms of outcome means. The advantage of the rmsd is that it is not dependent on standard errors of the coefficients, but as is shown in FM, even under complete randomization of individuals to locations, its value is not expected to be zero, due to sampling variability. As in FM, we obtain a benchmark for this sampling variability by running simulations where we randomly assign individuals to locations (keeping location proportions fixed), and calculate the rmsd associated to these simulations.
Results
In this section, we present the results from following the methodology explained in Section 3 in comparing the Jóvenes en Acción program in Colombia (CO hereafter), the Juventud y Empleo program in Dominican Republic (DR hereafter) and the Projoven program in Peru (PE hereafter). Table 3 shows the means and standard deviations for the outcomes and for the covariates used in the GPS estimation and the estimators based on covariates, separately for men and women. The table also includes covariates not used in the GPS estimation, for information purposes. These covariates are not part of the GPS specification because either they are not available in the version of the dataset we have for Colombia, or because they cause the GPS to perfectly predict a location. The table pools control and treated individuals, because within each country the differences in means between those groups are not statistically significant (as expected given random assignment within each country).
Some patterns that emerge from Table 3 are clear consequences of the differences in the targeted groups by each program. Individuals in PE are younger, 15 less likely to be married, and with higher level of schooling and high school completion. DR individuals show much lower years of schooling, compared to CO and PE, and much lower high school completion rates, compared to PE. These differences are expected, since 15 The upper limit in terms of age for PE was the lowest of the three studies programs (16-24 for PE, 16-29 for DR, 18-25 for CO). the program in DR targets youth with, at most, incomplete high school education (high-school drop-outs), while both CO and PE allowed beneficiaries to have completed high school (although without higher education attendance). Employment rates at baseline and before the programs, as well as employment income as function of minimum wages before the program, are lower in DR than in CO and PE. However, formality rates prior to the programs are higher in DR than in PE. According to the eligibility rules, for the three programs the focus was on urban unemployed youth. The high rates of informality in LAC countries make it hard to know if a person is unemployed, since he or she can work informally and not show up in social security records as employed. Thus, it is not surprising that the baseline surveys show that many individuals were working at baseline. We estimate the GPS with a multinomial logit model using the variables indicated in Table 3 , separately for men and women, and using only control individuals at first. Unfortunately, the variables included in the GPS are the only ones available in all three datasets that work in estimation, which makes the models very limited. We use the estimated GPS to identify those individuals satisfying the overlap condition. The bottom panel of Table 4 presents the number of control individuals that are outside the overlap region, and their percentages by country and gender. Almost 30% of men in DR and around 20% in CO and 23% in PE do not satisfy the condition. For women the shares are higher indicating that the characteristics of the women in all three programs are more different across countries. Almost 40% of women in PE, 26% in DR and 23% in CO do not satisfy the overlap condition. Overall, almost 24% of men and 27% of women appear as not comparable. The top panels of the table make this clear. The first three columns show the average for each variable by country and gender. The next three columns show the average for the individuals satisfying the overlap condition, while the next three columns, under the heading IPW (inverse probability weighting), weight the individuals satisfying the overlap condition by the inverse of the GPS of each individual, to balance covariates. It is an indication of how well the GPS works in eliminating differences between the individuals. The next two columns show the pvalue of a joint test of equality of means between the three countries in the raw and IPW case, while the last two columns calculate the rmsd as a measure of distance between the averages of the variables in the three countries, not dependent on standard errors. Table 4 shows how imposing the overlap condition is more successful in eliminating differences for some variables than others. Of the five variables included in the GPS estimation, the balancing in age and years of schooling is much improved for both males and females (even in the case where the equality of means tests is rejected, the rmsd, which measures the distances between the means, decreases significantly for both variables). For percent married the results are more mixed, with success in reducing differences only for women. For employment and income in the quarter prior to the program there are no significant reductions in differences for either group.
For the variables not included in the GPS estimation balancing does not improve much after imposing overlap, except for high school completion which sees some improvement, but with a still very large difference for DR. Still these variables provide useful information, even just in the comparison of the columns raw and raw with overlap, because the difference between the two sets of columns indicate the characteristics of those individuals that are not comparable across countries. For example, individuals with more labor experience, higher likelihood of formal employment and higher income one quarter before the program are outside the overlap region in both CO and PE, and similarly two quarters before the program for PE. This makes sense as the characteristics of the individuals in DR indicate that they start from a more disadvantaged position, compared to those in CO and PE, both in terms of education and labor experience. Thus, any comparison between the three countries that relies on the overlap condition will have to apply to relatively more disadvantaged individuals. Notes: Numbers between brackets are confidence intervals at the 90% confidence level, based on 1,000 bootstrap replications for estimators other than the benchmark, and the 5th and 95th percentile of the simulations for the benchmark estimator. P-value refers to the p-value associated to a Wald test of equality of outcome means between the three programs. RMSD refers to the root mean square distance of the outcome means for each program. Table 5 presents the estimators discussed in Section 3, using only the outcomes for the control individuals, as a way of checking whether it is possible to eliminate differences in outcomes between the countries, for those individuals that are not beneficiaries of the programs. The top panel shows the results for men while the bottom panel shows the results for women. The table presents employment at follow-up and formal employment at follow-up on the left and right side of the table, respectively. The rows show the estimators discussed in Section 3, including the benchmark simulation, and below each, between brackets, its bootstrapped confidence interval at the 90% confidence level (5 th and 95 th percentiles for the benchmark). For each outcome, the first three columns of Table 5 show the mean outcome in each country, in the fourth column the p-value associated to the Wald test of joint equality of these means, and in the fifth column, the rmsd associated to the same means. The best way to evaluate the value of a particular rmsd is to compare it to the corresponding benchmark value, which is a measure of the expected rmsd under random assignment of location. The table shows that for employment at follow-up for men, the differences in raw means are statistically significant at the 10% level and the rmsd has a confidence interval that overlaps the benchmark rmsd confidence intervals. While the estimators show rmsd values that are an improvement upon the raw rmsd, their confidence intervals overlap that of the raw estimator and all the p-values imply in general significant mean differences, suggesting not much improvement upon an initial situation with relatively small differences. For formal employment at follow-up for men, the raw differences between the countries are quite large, with a value of the rmsd of 0.27 (compared to a benchmark value of 0.06). In this case, the linear regression is able to reduce the differences between the mean outcomes, as the rmsd goes down to 0.04, but with a p-value for the test of equality of means that still is significant at around the 1% level. The partial mean estimators, imposing overlap, improve the rmsd further, both compared to the raw and to the linear regression case, and the difference of means appears as not statistically significant. The IPW estimator, however, is not as successful in reducing the rmsd and the p-value is exactly at the 10% level. Overall, the results for men suggest that the nonexperimental estimators are good enough to eliminate differences across countries. For women, Table 5 shows that while for employment at follow-up the estimators are able to reduce differences in means; this is not the case for formal employment at follow-up. Indeed, the differences become larger instead of smaller, which signals that comparisons for women may be problematic.
As explained in Section 3, the estimation of treatment effects in each country follow (2) and (3), obtaining mean outcomes for both treatment and control individuals, and calculating treatment effects by the difference in mean outcomes between treated and control individuals within each country. For the estimation of treatment effects we estimate the GPS again, now using both control and treated individuals. Based on this GPS, Figure  1 shows for control (C) and treated (T) men and women the number of observations that satisfy overlap, in each country. The figure makes clear the very small number of observations that satisfy overlap in Peru for controls, and the high proportion of treated individuals dropped from this program. This has consequences for the statistical power of the estimated treatment effects, as is discussed below.
Here is very interesting to understand both the characteristics of the individuals who satisfy the overlap condition, as those are the individuals for which the treatment effects are comparable across countries, and the characteristics of those not satisfying the overlap condition. The latter group is of interest because they were part of the target population of the programs, highlighting the differences in focus of each program, even though their design was quite similar, and because, as we discuss below, the treatment effects seem to be different between the individuals inside and outside the overlap region. Thus, it becomes a very useful exercise to characterize them. Figure 2 presents for selected characteristics the averages for the individuals inside and outside the overlap region (pooling treated and controls), by country and for men (top panel) and women (bottom panel). The figure makes clear that men who are in the overlap region are less likely to be married, have similar years of schooling as those outside the overlap region, except for DR, where those in the overlap region have more than double the years of schooling compared to those outside. Regarding labor history, the individuals inside the overlap region are less likely to be employed at baseline for CO and have much lower employment and formal employment rates and income, in the quarter prior to the program in CO and PE, with smaller or no differences for DR. For women the patterns are very similar, except for the percent married, which is higher in the overlap region for both CO and PE. The figure makes clear the same message suggested by Table 4 : the individuals inside the overlap region are more disadvantaged and have worse initial conditions than those outside the region, which is important to keep in mind when analyzing treatment effects.
As explained above, average outcomes are obtained for each group (treated, controls) and program, running regressions (2) and (3). The average differences inside each country are the estimated treatment effects, with confidence intervals obtained by bootstrapping. Figure 3 shows the treatment effects for the employment at follow-up outcome. It depicts three estimators: Linear regression uses the full sample prior to imposing overlap, while parametric partial mean and IPW regression are estimated after imposing overlap. The circles depict the point estimates, while the vertical lines depict the 90% level confidence intervals. For men (top panel), the treatment effects appear as not statistically significant with the three estimators, and the point estimates relatively stable (i.e. imposing overlap does not affect them much). For women (bottom panel) the results become much smaller and not significant for CO, while they remain not significant and stable for DR and not significant, but higher, for PE. This suggests that the effects for CO are higher for those individuals outside the overlap region, i.e. with better initial conditions, as shown in Figure 2 . Figure 4 is similar to Figure 3 , and presents the results for the outcome formal employment at follow up. This is the outcome where the original evaluations found effects for men and in CO also for women. For men the effects become stronger for CO when imposing overlap, and remain stable in DR and PE. However, in DR and PE the treatment effects become statistically not significant. It is important to consider that for both DR, but particularly for PE, statistical power is reduced when imposing overlap, given the number of observations outside the overlap region (see Figure  1) . 16 For women, the results need to be analyzed more carefully given the difficulties encountered in eliminating the differences in this outcome for control individuals (see Table 5 ). The results suggest some small reduction in effects for CO from the linear estimator to the other estimators, and a large increase in effects for PE, using the IPW estimator. Given the results in Table 5 , though, we deem the results for women as problematic, and probably not credible. Overall, the results highlight that treatment effects within each program can be somewhat heterogeneous, and that they are quite heterogeneous across programs. It is not clear from the analysis is this treatment effect heterogeneity arises from differences in the focus of the programs on different types of individuals
Conclusions
Several youth training programs in LAC have been rigorously evaluated using RCTs. In the case of Peru's Projoven, the Dominican Republic's Juventud y Empleo, and Colombia's Jovenes en Accion, the results (both short run and long run analyses) show that the programs had, in general, an impact on quality of employment (formality and earnings) and these impacts are sustained over time.
This study explicitly addresses the underlying heterogeneity in the characteristics of the beneficiaries of these three youth training programs in LAC by relying on the individual-level data used in their experimental impact evaluations. We show that by using non-experimental multiple treatment estimators we can control for the underlying heterogeneity in the characteristics of the beneficiaries and identify, and characterize, the individuals satisfying a common support condition, i.e. those who are similar across programs.
Our results show that for some of the programs analyzed, the positive treatment effects on formality disappear once only the comparable individuals are analyzed, making clear the sources of treatment effects heterogeneity and the extent of the limits to the external validity of the experiments used to evaluate the training programs. This does not mean that the programs do not have effects (they do, as it is shown in the individual impact evaluations of the three programs), but rather that comparing similar individuals (those that are part of the common-support group), some of the impacts are smaller, and some are no longer statistically significant. This suggests that some of the effects identified by the original evaluations come from the "non-comparable" groups. It is difficult to know exactly from this study, but it could be that contextual factors (i.e. the economy) have differential effects and/or that the specificities of the eligibility criteria for each country make the programs work better for those that are not comparable with the other countries. This paper highlights the importance of thinking about treatment effect heterogeneity and its implications for targeting and program design. It also makes clear how difficult is the interpretation of the results from program comparisons that do not control for heterogeneity in the individual characteristics of the beneficiaries, as is the case in meta-analysis studies.
